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Li-ion battery health assessment has been widely used in electric vehicles, unmanned aerial vehicle and 
other fields. In this paper, a new linear prediction method is proposed. By weakening the sensitivity of 
the Rainflow algorithm to the peak data, it can be applied to the field of battery, and can accurately count 
the number of Li-ion battery cycles, and skip the cumbersome link of parameter identification. Then, a 
linear criterion is proposed based on the idea of proportion, which makes the life prediction of Li-ion 
battery linear. Under the verification of multiple sets of data, the prediction error of this method is kept 
within 2.53%. This method has the advantages of high operation efficiency and simple operation, which 
provides a new idea for battery life prediction in the field of electric vehicles and aerospace. 
 
 





Li-ion battery has the advantages of high energy density[1-4], long life, high output power [5] 
and high-cost performance, which plays an important role in the field of renewable energy[6]. With the 
new energy industry more and more attention, the use of Li-ion batteries is increasing year by year. At 
present, the prediction of Li-ion battery cycle life is still a long way from the mature practical online 
application. The prediction of Li-ion battery cycle life is the core and difficulty of Battery Management 
System (BMS) [7-9]. Many military electronic devices, such as GPS system and unmanned aerial vehicle 
(UAV) , rely on Li-ion batteries for portable power supply . The reliability of Li-ion batteries needs to 
be evaluated to avoid serious consequences of Li-ion battery failure, such as operation damage, 
performance degradation, and even catastrophic failure. To ensure the reliability of Li-ion batteries in 
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operation, it is necessary to evaluate the capacity of Li-ion batteries and predict the remaining cycle life 
[10]. The State of Health (SOH) estimation [11-13] of Li-ion batteries is an important part of BMS. 
Therefore, accurate and efficient prediction of the remaining life of Li-ion batteries plays an important 
role in the safety and economic evaluation of equipment. 
In the field of Li-ion battery SOH estimation, there are three commonly used methods, the first 
is battery impedance [14]. Guangzhong et al. mainly used Brownian motion and particle filter methods 
to estimate the short-term SOH of lithium-ion batteries and the long-term prediction of RUL. The 
nonlinear drift and scaling parameters in Brownian motion are used to infer the dynamic behavior of 
lithium-ion battery degradation, the lithium battery capacity degradation model is established, and the 
particle filter algorithm is used to estimate the parameters in Brownian motion[15].Hu et al. Evaluated 
the optimized driven moving horizon estimation (MHE) framework in detail through a simplified 
electrochemical model, and demonstrated the feasibility and performance of accessing the internal 
battery states (such as solid surface concentration and electrolyte concentration) that cannot be obtained 
in the equivalent circuit model[16]. Vilsen et al. reduce the amount of data that needs to be transmitted 
by extracting descriptive characteristics of the voltage, thereby reducing the number of characteristics. 
The extracted features are reduced in two stages. The above studies need to identify the internal 
parameters of Li-ion battery. Once the impedance parameters of Li-ion battery are obtained, it is difficult 
to avoid the damage experiment on the battery, and the prediction time is long, which easily leads to the 
delay of information acquisition [17]. The second type is ampere hour method [18]. Ampere hour  
method can quickly calculate the current change of Li-ion battery, but ampere hour method belongs to 
open-loop inspection in control. If the current acquisition accuracy is not high, the given initial State of 
Charge (SOC) [19-22] has a certain error. As the system runs longer, the initial errors will gradually 
accumulate. The third type is the cyclic method . The principle of the cyclic method is simple and does 
not need process measurement of various parameters [23, 24], but it requires high accuracy of cycle 
number statistics. Although the advantages and disadvantages of the cyclic method are very prominent, 
there are not many researchers to make up for its shortcomings. 
At present, the research on battery health mainly focuses on impedance measurement  and 
capacity tests . In contrast, there are few studies on the cycle life of Li-ion batteries. Besides, due to the 
strong nonlinear [25-28] characteristics of Li-ion batteries, there is little in-depth discussion on the 
effective cycle criteria of Li-ion batteries, and most studies use the criteria based on impedance and 
capacity [29-32]. As a result, the shortcomings of the cyclic method that it is difficult to accurately 
estimate the number of cycles has not been compensated.  
In this study, a new method based on the traditional cycle method is proposed to predict the cycle 
life of Li-ion batteries, and a new idea is provided for the life estimation of Li-ion batteries. This study 
uses unscented Kalman filter (UKF) algorithm to estimate SOC to solve the problem that ampere hour 
method is easy to be affected by noise, and provide accurate preliminary data for accurate prediction of 
SOH. Secondly, because of the strong nonlinearity of Li-ion batteries, it is very difficult to calculate the 
number of cycles. Therefore, this paper puts forward the idea of integrating small cycles and retaining 
large cycles, and improves Rainflow algorithm to reduce the sensitivity to data peaks, which is 
successfully applied to the field of batteries. Based on the improved Rainflow algorithm to accurately 
calculate the cycle times of SOC, a linearization criterion is proposed to linearize the life prediction of 
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Li-ion batteries. The results show that this method can predict the remaining life of Li-ion battery with 
low error without measuring process parameters. 
 
 
2. MATHEMATICAL ANALYSIS 
2.1. Model building 
Thevenin model contains a voltage source and an RC parallel circuit. The circuit composed of 
equivalent polarization internal resistance and equivalent polarization capacitance is used to make up for 
the shortcoming that the internal resistance model can not describe the dynamic characteristics of Li-ion 












Figure 1. First-order RC circuit model 
 
 
In Fig.1, UOC is the terminal voltage of the power supply, UO is the open-circuit voltage, R1 is the 
ohmic resistance, UR is the ohmic voltage, and the polarization voltage of RC parallel circuit composed 
of polarization resistance R2 and polarization capacitance C1 is up. According to the actual demand, 
combined with Thevenin equivalent circuit model, only SOC is selected as the system state variable, and 
the battery terminal voltage UOC is taken as the observation variable of the system. The battery state-
space expression established is shown in Eq. (1). 
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(1) 
In Eq. (1), Δt is the sampling interval time, QN is the rated capacity of the battery. The actual 
capacity calibration is required. Ik is the current of time k, and the charging direction is positive. The 
SOC value of time k+1 is predicted by time k. Uo, k+1 = f(SOCk+1) is the experimental method to determine 
the relationship between the open-circuit voltage of the battery and the SOC of Li-ion batteries. ωk and 
νk+1 are process noise and observed noise respectively. 
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2.1. Adaptive Unscented Kalman Filtering 
Kalman filter is the state equation and the observation equation of linear system. By observing 
the input and output of the system, the optimal estimation of the minimum variance of the state is carried 
out. The implementation of UKF can be divided into forecast stage and update stage. 




























 is the sampling point using traceless transformation, where i = 1,2,3…2n + 1, Uk is the input 
variables. Combined with the first part of Eq. (2), the sampling points are further predicted. After 
weighted sum, the predicted mean value of system state variables is obtained, as shown in the second 
part of Eq. (2). The error variance matrix at k + 1 time is also predicted as shown in the fourth part of 
Eq. (3). 
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Sigma sample points are updated by the second part of Eq. (2) and combined Eq. (3). The further 
prediction value of each sampling point at k + 1 time is introduced into the observation equation of the 
system, and the observation prediction value of each sampling point at k + 1 time is obtained, and then 
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Pyy, k + 1 is the variance matrix of the measured value at the time of k + 1, Pxy, k + 1 are the state 
variables at the time of k + 1. Rk+1 is the expected value of observation noise at k+1 time. And the 
measured covariance is shown in Eq. (5). 
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In the update stage, the measured value is compared with the calculated value to make the result 
more accurate. The calculated Kalman filter gain is shown in the first part of Eq. (6). 1 1
ˆ
k kx    is the value 
of the updated system state variable, as shown in the second part of Eq. (6). , 1 1x k k
P    is the update of the 
error variance matrix, as shown in the third part of Eq. (6). 
i
kx
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(6) 
When using UKF to estimate the SOC value of Li-ion battery, SOC and up are generally selected 
as state variables. After the initialization of state variables, the algorithm predicts and updates the SOC 
of the battery in each sampling period. At the same time, according to the error covariance, the Kalman 
gain will be adjusted continuously, and the estimation error will be corrected by feedback. 
 
2.2. Improved Rainflow algorithm 
The Rainflow algorithm, also known as the tower top algorithm, was proposed by two British 
engineers M. Matsuishi and T. Endo in the 1950s. The main function of this counting method is to 
simplify the actual measured load history into several load cycles, and each cycle is a damage 
accumulation. This method is widely used in fatigue life calculation, and its main manifestation is load-
time curve. At the same time, to reduce the number of half-cycles, it is necessary to reconstruct the time 
history of the data before counting and move the absolute value of the peak or trough to the starting point 
of the process, as shown in Fig. 1. In the estimation of Li-ion battery life, the load is SOC, both a set of 
SOC-time curves are obtained, and then the entire coordinate system is rotated 90 degrees clockwise, 




















Figure 2. The time history of SOC 
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The counting rules are as follows: 
(1) The Rainflow algorithm starts from the internal measurement of the peak position of the 
load time history and flows down the slope. 
(2) The rain current starts to flow from a certain peak point, and stops flowing when it 
encounters a larger peak than its actual peak. 
(3) When the rain current meets the rain flowing down, it must stop flowing. 
(4) Take out all the full cycles and note the amplitude of each cycle. 
(5) The divergent convergent load time history remaining after counting in the first stage is 
equivalent to a convergent divergent load time history, and the second stage rain flow counting is 
performed. The total number of counting cycles is equal to the sum of the counting cycles of the two 
counting stages. 
According to the above counting process and rules, the SOC time record shown in Fig. 2 includes 
three complete cycles b-c-bˊ, f-g-fˊ, i-j-eˊ and three half cycles a-b-d, d-e-eˊ, e-f-h. 
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Figure 3. Improvement of Rainflow process 
 
 
First judge whether the starting value is the peak value. If not, the data before the peak value is 
cut to the end of the data segment, and the peak value is taken as the starting value. The maximum and 
minimum values are determined by three-point method, and the data are updated at any time. The middle 
zone is used to store extreme points. According to the counting principle of the Rainflow algorithm 
mentioned above, Li-ion batteries may experience some small cycles during a deep cycle. These small 
cycles may be a small range of charge and discharge, or they may be the oscillation caused by the 
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electrochemical properties of Li-ion batteries. Due to the advantages of Li-ion batteries, the impact of 
these small cycles on the life of Li-ion batteries can be ignored. Besides, the traditional Rainflow 
algorithm is sensitive to the size of the cycle. Therefore, the small cycles in these processes can be 
filtered out by the improved Rainflow algorithm. 
The traditional Rainflow algorithm estimates the load level by calculating the average stress. 
This method can also be used as a reference for Li-ion batteries load level, but the traditional calculation 










DODmax and DODmin in Eq. (17) are the maximum and minimum Discharge Depths (DOD) of a 
group of charge-discharge cycles. SOC is obtained by UKF first, and then the data is obtained by 
counting the Rainflow of SOC. The calculated results are in the range of 0-100. The larger the calculated 
value is, the heavier load of Li-ion batteries is, and vice versa. Therefore, the average DOD of Dm is used 




3. EXPERIMENTAL ANALYSIS 
3.1. Simulation platform building 
 
 
Figure 4. Simulation of Li-ion battery cycle test 
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In this paper, Li-ion battery module is used to simulate the aging process of battery. The module 
can set and adjust the aging parameters. The built-in function of load module can adjust the load value 
of controlled current source according to the SOC of Li-ion battery, and then control the charge and 
discharge of Li-ion battery. 
In Fig. 4, the internal resistance R0, polarization resistance RP and polarization capacitance CP of 
Li-ion battery are all identified by real Li-ion battery parameters. The charge and discharge current of 
Li-ion battery is controlled by a controlled current source. The load module controls the DOD. The Li-
ion battery is set to 4.2V/70Ah. Relying on the experimental platform in Figure 4, the 1C discharge rate 
is used under 20% DOD, 50% DOD, 60% DOD, 80% DOD and 95% DOD, and the cyclic DST 
conditions are used for cyclic experiments. 
 
3.2. Constant current discharge experiment analysing 
The parameters of Li-ion battery are set at 4.2V/70Ah and the cut-off voltage is 2.75V. Discharge 
to 40% and 20% respectively at 1C rate, and then fully charge at 1C rate. Based on the equivalent circuit 
model, UKF is used to fit and track the SOC of Li-ion battery. The tracking effect is shown in Fig. 5. 
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(a) Tracking effect of UKF at 40% and 20% SOC         (b) Partial enlargement of SOC initial value 
calibration 
 
Figure 5. UKF-SOC Estimation under constant current discharge and charge 
 
 
Fig. 5 shows a comparison of UKF estimates with actual values. SOC-1 is the actual value and 
SOC-2 is the estimated value. The initial SOC of Li-ion battery is 100%, while the initial value of UKF 
is set to 90%. As can be seen from Fig.5, UKF quickly tracks the real value, and has excellent robustness. 
The overall error is controlled within 1%, which fully meets the accuracy requirements of this 
experiment. 
 
3.3. DOD and Rainflow algorithm Fusion analysing 
Rainfall can identify events similar to constant amplitude load data in complex load sequences. 
Fig. 6 (a) shows that the Li-ion battery completes 700 cycles at 80% DOD, which is called the first load. 
Fig. 6 (b) shows that the Li-ion battery completes 70 cycles at a DOD of 95%, which is called the second 
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load. Fig. 6 shows the continuous cycling of the same battery under two different loads. The calculation 
times of the algorithm are consistent with the actual number of cycles, which proves that the algorithm 
has good robustness. 
 
(a) SOC cycle count of 80% DOD                  (b) SOC cycle count of 95% DOD 
 
Figure 6. Number of battery cycles at different DOD 
 
 
The Cycle median value in Fig. 6 represents the average stress, and the calculation formula is 
shown in Equation 17. The end of life of a lithium-ion battery is defined as the damage when the current 
full capacitance drops to 80% of the initial capacity. However, when the battery capacity is less than 
80%, it can still be used, but the performance of the lithium-ion battery will decrease. The meaning of 
average stress here is that when the damage of the lithium-ion battery exceeds the specified value, the 
stress level should be reduced during use. Avoid further deep discharge of the battery, that is, reduce the 
battery load. DOD shows the corresponding DOD of lithium-ion batteries under different average 
stresses. Cyc shows the number of cycles of the battery at different cycle depths. The median cycle value 
in Figure 6(a) is lower than that in Figure 6(b), indicating that the damage of the battery under 95% DOD 
is more serious than under 80% DOD. 
 
3.4. Linear damage criterion 
3.4.1. Criteria constructing 
Due to the chemical characteristics of Li-ion battery, its properties show strong nonlinearity in 
use. Therefore, it is difficult to estimate the remaining life of Li-ion battery. The linear damage model 
proposed in this paper can quickly estimate battery life. 
No matter in the condition of regular or irregular changes in current, as long as the battery 
completes a charge-discharge cycle, it will accumulate the next damage, and multiple damage 
accumulation will eventually lead to battery failure. All cycles of the battery under the first condition are 
called the first load N1, and all cycles under the second condition are called the second load N2. And so 
on, until the Ni load, the battery fails. Then, the total number of cycles Nf of the battery at fatigue failure 
given by the manufacturer is introduced. If the damage curve with the number of cycles of Ni, f as the 
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abscissa is linearized, the linear damage criterion can be derived by simplifying the damage curve to a 
single line with the cycle ratio of Ni / Ni, f as the abscissa. In this case, no matter how the current changes, 
there is a unique linear relationship between fatigue damage and cycle ratio. Therefore, when the damage 
level is given, the cycle ratio of different damage curves will be the same, as shown in the Fig. 7. 
 
 




















       


























(a) Discharge cycles prediction at 80% and 95%DOD                      (b) Aging cycle ratio 



















       





















(c) Discharge cycles prediction at 60% and 20%DOD                      (d) Aging cycle ratio 



















       























(e) Discharge cycles prediction at 90% and 50%DOD                      (f) Aging cycle ratio 
 
Figure 7. Linear aging accumulation under different conditions 
 
 
In Fig. 7, all the working conditions are linear prediction graphs based on the number of cycles 
counted by Rainflow algorithm. In Fig. 7 (a), N1 is the cyclic load case of Li-ion battery at 80% discharge 
depth, i.e. the first load. In the case of the first load, the total life of the Li-ion battery is 800 times, and 
the actual number of cycles is 700. At this time, it can be seen from the figure that the aging calculation 
value of the battery is 0.875. N2 is the second load of Li-ion battery at 95% discharge depth. Since the 
DOD of N2 is deeper than that of N1, the lifetime of Li-ion battery under this condition is 700 times. The 
second load is superimposed on the first load, so look for point B on N2 which is the same as N1 aging. 
The curve section after point B' is the aging superposition section. The cycle ratio is divided by the 
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number of cycles under load and the total number of theoretical cycles under the load. The next load 
case is treated in the same way, and finally spliced with this method. The result is shown in Fig. 7 (b). 
In Fig. 7 (b), Aging-1 is the aging that has occurred, and Aging-2 is the prediction of Li-ion battery aging 
after the end of N2 based on N2 load. In this way, no matter what the DOD, there is a unique linear 
relationship between the Li-ion battery Aging and the cycle ratio. When the aging accumulated to 1, the 
Li-ion battery fatigue failed. Similarly, Fig. 7 (c) and Fig. 7 (d) show the aging prediction chart with 60% 
DOD discharge and then 20% DOD discharge. Fig. 7 (e) and Fig. 7 (f) show the aging prediction chart 
with 90% DOD and then 50% DOD. This prediction method avoids the tedious parameter identification 
in reference [16]. 
 
3.4.2. Criteria validating 
According to the experimental data of battery cycle life under different working conditions, the 
SOH curve was drawn. Fig. 8 shows the curves of battery SOH under different DOD. 
 
 

























Figure 8. Variation curve of SOH under different DOD values 
 
 
In Fig. 8, SOH-1 shows the change curve of SOH when the Li-ion battery is charged and 
discharged with 80% DOD 700 times and then charged and discharged with 95% DOD 80 times. SOH-
2 is the change curve of SOH when the Li-ion battery is charged and discharged with 60% DOD 400 
times and then charged and discharged with 20% DOD 280 times. SOH-3 is the change curve of SOH 
when the Li-ion battery is charged and discharged with 90% DOD 400 times and then charged and 
discharged with 50% DOD 120 times.  
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Figure 9. The curve of voltage changing with increasing cycle times under 100% DOD 
 
 
Fig. 9 shows the voltage change curve of a Li-ion battery at 100% DOD. U1-U8 are the voltage 
data recorded every 100 cycles. It can be seen from the figure that as the number of cycles increases, the 
discharge time of the Li-ion battery under the same DOD is shortening, that is, the time for the Li-ion 
battery voltage to drop from 4.2V to the cut-off voltage 2.75V is gradually shortening. This is in line 
with the real aging of Li-ion batteries, which proves that the Li-ion battery simulation model in this 




























Figure 10. Voltage change curve under different DOD 
 
 
U1-U6 in Fig. 10 shows the charging and discharging voltage curves of Li-ion battery at 280 
cycles of 20% DOD, 120 cycles of 50% DOD, 400 cycles of 60% DOD, 700 cycles of 80% DOD, 400 
cycles of 90% DOD and 80 cycles of 95% DOD. It can be seen that the working voltage of Li-ion battery 
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is maintained at about 3.75V. The deeper the discharge, the lower the voltage. When the voltage is lower 
than the working voltage, the battery aging will be aggravated. This also proves that the battery load 
estimate Dm proposed in Eq. 17 is reliable. 
Based on all the above data, the comparison results between the real value of Li-ion battery aging 




Table 1.  Comparison between simulation and prediction damage 
 
 SOH-1 SOH-2 SOH-3 
Load 1 (DOD) 80% 60% 90% 
Cycle times 700 400 400 
Load 2 (DOD) 95% 20% 50% 
Cycle times 80 280 120 
Predicting damage 0.989 0.586 0.642 
Actual damage 1 0.578 0.659 
Error  1.10% 1.36% 2.53% 
 
 
It can be seen from Table 1 that each SOH prediction is based on the superposition of two 
different DOD conditions at 25℃. Under the three conditions, the maximum error is 2.53%, and this 
prediction method avoids the tedious parameter identification in reference [16]. Compared with literature 
[15] (the maximum short-term prediction error of SOH is 4%) and [33] (the maximum prediction error 
is 5%), the prediction method proposed in this paper reduces the maximum prediction error by 1%-2.5% . 
Therefore, the linear prediction model based on the improved Rainflow algorithm can achieve the 





Based on the theoretical basis of the cyclic method, this research proposes a new method for 
predicting the life of Li-ion batteries, and also provides a new solution for the field of Li-ion battery 
cycle inspection. Due to the nonlinearity of Li-ion battery, many small cycles will be introduced in the 
cycle process, and the impact of these small cycles on life can be ignored. Based on this, an improved 
Rainflow algorithm is proposed, which can be applied in the field of Li-ion batteries by adding the 
intermediate judgment area and changing its definition. After hundreds of cycles with different discharge 
depths, the improved rain flow counting method can still accurately count the number of cycles, which 
has solved the application problem of Rainflow algorithm in Li-ion battery field and eliminates the error 
of traditional Rainflow algorithm. Moreover, this method can skip the steps of impedance and capacity 
tests, which is very convenient and simple. Finally, to achieve the purpose of prediction, a linear damage 
criterion is proposed to linearize the life prediction of Li-ion batteries. The errors of three groups of 
Int. J. Electrochem. Sci., 16 (2021) Article ID: 21075 
  
14 
working conditions are 1.1%, 1.36%, 2. 53%. It has the characteristics of high precision. Because this 
study does not need to introduce special equipment, and all data can be obtained in real time. Therefore, 
this method can be introduced into BMS, and can be applied to electric vehicles, UAVs, energy storage 
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